Recommender systems provide personalized recommendations to the users from a large number of possible options in online stores. Matrix factorization is a well-known and accurate collaborative filtering approach for recommender system, which suffers from cold-start problem for new users and items. Whenever a new user participate with the system there is not enough interactions with the system, therefore there are not enough ratings in the user-item matrix to learn the matrix factorization model. Using auxiliary data such as user's demographic, ratings and reviews in relevant domains, is an effective solution to reduce the new user problem. In this paper, we used data of users from other domains and build a common space to represent the latent factors of users from different domains. In this representation we proposed an iterative method which applied MAX-VAR generalized canonical correlation analysis (GCCA) on user's latent factors learned from matrix factorization on each domain. Also, to improve the capability of GCCA to learn latent factors for new users, we propose generalized canonical correlation analysis by inverse sum of selection matrices (GCCA-ISSM) approach, which provides better recommendations in cold-start scenarios. The proposed approach is extended using content-based features from topic modeling extracted from user's reviews. We demonstrate the accuracy and effectiveness of the proposed approaches on cross-domain ratings predictions using comprehensive experiments on Amazon and MovieLens datasets.
INTRODUCTION
With the development of Internet in recent years, online marketing websites, online music and movie stream services play an important role in e-commerce. At the beginning, these websites were just a database of different products, which provided the ability to search products in different categories. Gradually, and as the number of products increased, users faced more options to choose from these websites. For example, in an online market, as the number of products increases, finding a movie among the large number of existing movies becomes difficult and users encounter information overload. In order to solve this problem, new features such as personal search and product recommendations based on the user's interest are added to these sites, which not only improve user experience and increase user satisfaction, but also result in more purchases and increase profits of marketing websites.
In order to suggest a personalized recommendation to the user, demographic information, purchase history, previous item's ratings, reviews, comments and etc. may be considered. The intelligent system employing this information to offer an item to the user for purchase is called recommender system. Some of the most important applications of recommender system are offering products in online marketing websites, recommending movies [1] and music [2] , [3] in media stream websites, and recommending personalized news from news websites [4] . Sparsity of user-item matrix, cold-start, low variety, scalability and using contextual information are some of common challenges in recommender systems [5] ; among these challenges the coldstart problem is the most important one. In cold-start, since there is few ratings available for a user or an item, an appropriate recommendation cannot be offered. The cold-start challenge can be divided into two separate problems, new item, and new user problems [6] . New item problem occurs when a new item is registered in the system while no ratings or reviews has been entered for it; this problem is less challenging compared to new user problem, since new items can be suggested to the user using other methods like advertisements. New user problem is the most difficult challenges in recommender systems [5] , since new users have not entered any ratings in the recommender system, the system cannot present them any personalized recommendations. In order to solve the cold-start problem, two approaches are proposed. First, motivating the users to enter ratings and reviews in the system, second, using cross-domain recommendation algorithms which utilize existing information in other domains such as ratings, reviews, tags, demographics, social network relationships and etc. to improve the recommendation quality in the target domain.
Many of the traditional recommender systems are based on single domain collaborative filtering. While some recommender systems like online marketing websites include different domains such as movies, books, music, videogames, clothing and etc. In such systems, knowledge aggregation or knowledge transfer from different domains can be used instead of constructing a recommendation model for each domain separately. For example, by transferring the genre of user's favorite movie to the book domain, books with similar genre can be recommended to the user. Such recommender systems which employ different domains to offer recommendations are called cross-domain recommender system. Cantador et al. [7] published a comprehensive survey on the cross-domain recommender systems approaches proposed in recent years. They specified the most important objectives of cross-domain recommender systems as solving cold-start challenge, increasing accuracy and variety.
In this paper, we proposed a new approach for cross-domain recommender system, which uses knowledge from auxiliary domains to solve the cold-start problem. Our approach is based on collaborative filtering and uses a customized version of generalized canonical correlation analysis (GCCA) for transferring knowledge from auxiliary domains to the target domain. To the best of our knowledge, this study is the first work to use GCCA in the recommender systems. Sahebi et al. [8] has used CCA for reconstructing user-item matrix in the target domain. Since they applied CCA on user-item matrix, it needs more memory to compute canonical variables and it can use user-item matrix of only one domain as auxiliary data.
The main contributions of this paper includes: (1) We proposed a novel iterative method using GCCA and matrix factorization for cross-domain ratings prediction. This is the first work that uses GCCA in the recommender system. (2) We propose a new constraint in GCCA to improve its ability to learn latent features for new users. (3) The proposed algorithm can use multiple auxiliary domains and other information like demographic and content-based features as auxiliary data. 4) We perform comprehensive experiments to explore weaknesses and strengths of the proposed algorithm.
The notations used through the paper are listed in Table 1 . The rest of this paper is organized as follows: In the next section, we present an overview of recent works in recommender systems. Next, we formulate the cross-domain recommendation problem and present the proposed method. In Section 4 a simulation study on the proposed method is presented. In Section 5 we analyze the accuracy and performance of the proposed method on popular recommender system datasets and compare it with the baseline approaches. The conclusion is presented in Section 6.
RELATED WORKS
In [5] the recommender system approaches are classified into 4 classes, including content-based filtering, demographic filtering, collaborative filtering and hybrid methods. In content-based filtering, features are extracted from item's content including text, image, audio and etc. Then items with features similar to the user's previous selection are recommended. In demographic filtering it is assumed the users with similar personal characteristics (sex, race, religion and etc.) have similar interests and would make similar choices [9] . In collaborative filtering methods [10] , previous ratings of users are used to find similarity between users or items. It is assumed that users who have made similar choices in the past, would also make similar choices in the future. Therefore, the choices of a user can be suggested to other similar users. Hybrid methods uses combinations of collaborative filtering and demographic filtering [11] , or collaborative filtering and content-based methods [12] , [13] to improve the recommendations.
Collaborative filtering is the most common approach in recommender system and can be divided into memory-based and model-based methods. Memory-based methods focus on the relationship between items or users. These methods usually 
Canonical components matrix in view 
Set of user-item pairs that has ratings in user-item matrix employ a similarity measure like cosine similarity or Pearson correlation and compute similarity between rows and columns of user-item matrix to find similar users or items [14] . The advantage of memory-based methods is that their results are always up-to-date, and its disadvantages are scalability problem and finding an appropriate similarity function [15] , [16] . In recent years, model-based methods like Matrix factorization(MF) or SVD [17] , SVD++ [18] and etc. have attracted more attention due to their high accuracy and scalability. In matrix factorization, each item is mapped to a vector ∈ ( is the number of latent factors,) and each user is mapped to a vector ∈ . Each element ′ represents the feature ′ in the product , and each element ′ represents the interest of the user in that feature. Inner product estimates ratings of user to product , and the equation of MF predictor is represented by, ̂, = + , (1) where is average rating in the user-item matrix. In order to learn the model parameters, the following least square problem need to be solved,
In (2),  is the set of user-item pairs, which their rating is registered in the system and is the regularization parameter, which is usually estimated through cross-validation. In order to find optimal solution of the above equation, Stochastic Gradient Descent (SGD) or Alternative Least Square (ALS) are used [19] . In recent years, different models have been proposed to improve the SVD model, among all SVD++ [18] , Bayesian probabilistic matrix factorization (BPMF) [20] and parametric probabilistic matrix factorization (PPMF) [21] can be mentioned.
One approach to improve model-based methods is to use user's reviews [22] - [24] . In [25] the authors considered demographic-based personal characteristics and features extracted from reviews to present a customized version of MF called matrix factorization with user attributes (MFUA). McAuley et al. [22] proposed hidden factors and hidden topics (HFT) model, in which the user's reviews are used to model the relationship between non-explicit interests of the user and non-explicit features of the products. HFT combined hidden factors learned from the user-product matrix with hidden topics learnt from reviews and has offered more accurate recommendations compared to the traditional MF model. For more information about recommender systems which employ user reviews Chen et al. [26] is a valuable survey.
Recent approach to deal with sparsity is by using cross-domain recommendation. Berkovsky et al. [27] have defined crossdomain recommendation as a technique that employs auxiliary data such as user's ratings, reviews contents [22] , [28] , contextual information [29] , [30] , social or information networks [31] , [32] and additional feedbacks [33] , [34] in one or more domains (auxiliary domains) to improve the recommendation accuracy in the target domain. Cantador et al. [7] considered four scenarios for cross-domain recommender system, based on data overlap between auxiliary and target domains including full overlap, user overlap, item overlap and no overlap. Approaches that do not consider overlapping between users, usually try to find a cluster-level rating pattern among different domains. Li et al. [1] proposed the cross-domain collaborative filtering method via codebook transfer (CBT) and increased the recommendation accuracy by building a codebook from dense auxiliary rating matrix and transferring it to sparse target ratings matrix. Sheng Gao et al. [35] extend the CBT model by relaxing hard membership constraint on user/item groups and considering domain's specific codebooks. Among approaches which considered overlapping between auxiliary and target domains, user overlapping approaches are more common. Hwangboa and Kim et al. [36] investigated different recommendation algorithms on real world datasets from Korean fashion companies. They show that ratio of overlapping between users and items of auxiliary and target domain has significant impact on recommendation accuracy, and high overlap domains has better accuracy in recommendations.
Zhang et al. [37] introduced cross-domain recommender system with consistent information transfer (CIT). They used a trifactorization method along the domain adaptation techniques to generate consistent user/item latent groups in the source and target domains, and investigate what knowledge to transfer and how to effectively transfer that knowledge from the source domain to the target domain. Chen et al. Proposed TLRec [38] , a transfer learning algorithm based on empirical prediction error, smoothness and regularization of user and item latent vectors for cross-domain recommendations on partially overlapped users. Since in most available datasets, correspondence between users in different domains is not specified, they considered movie genres as different domains and split the MovieLens dataset [39] into 4 domains including crime, comedy, drama and action, and selected a 1000 users and a 1000 items randomly for the experiment. Their experiments show effectiveness of the TLRec method.
Collective matrix factorization(CMF) is a powerful approach to simultaneously factorize several related matrices, which could be used in cross-domain recommender systems. The main CMF algorithm proposed in [40] jointly factorized the useritem matrix along with the user attributes and item attributes matrices. [41] proposed a convex formulation for CMF and [42] proposed an enhanced version of collective matrix factorization by considering different weight and regularization hyperparameters for each factorization section and independent parts for factorization matrices. Their empirical study on MovieLens dataset shows significant improvement over the traditional CMF.
Sahebi et al. [8] , proposed a cross-domain recommender system algorithm based on Canonical Correlation Analysis (CCA).
The CCA has been previously used to obtain the relationship between different data such as text and image in single domain problem. For instance, in [2] , CCA has been used to find a relationship between music tracks and human movements. Also in [43] CCA has been used to estimate ratings based on review texts and their semantic analysis. However, [8] is the first study which has used CCA for cross-domain recommendation. In [8] , basic vectors and which maximize canonical correlation between rows of source and target user-item matrices are computed. Using these vectors, it can be estimated how item's ratings in the source domain affects the rating of items in the target domain. Sahebi et al. [8] proposed to predict user-item matrix in the target domain using the following equation:
and are canonical correlation vectors and is the corresponding canonical correlation. Their experiments on Yelp dataset has shown that the proposed method can improve cross-domain recommendation accuracy.
In recent years several deep learning based recommender system had been presented. Most of them focused on extracting content-based features from item's related contents such as item's text, descriptions or images [44] - [47] . For instance [44] proposed a deep text recommendation method that provides vector representation of the items content using deep recurrent neural networks by encoding the text sequent into a latent vector using gated recurrent units trained end-to-end on collaborative filtering task for scientific paper recommendation. [45] proposed a dual-regularized matrix factorization with deep neural networks to effectively exploiting descriptions of both users and items in matrix factorization. Their experiment shows improvement in the accuracy of rating prediction on Amazon and Yelp datasets. As most deep learning recommender systems are content-based, they fall beyond the scope of this paper and we will not focus on them. For more information on deep learning based recommender systems the readers could refer to [48] .
THE PROPOSED METHOD
A recommender system is an information filtering system which tries to predict users rating for an item by collecting user's preference information. In this paper, user and product sets of a recommender system are shown with and , respectively, and it is assumed that users' ratings are stored in a sparse user-item matrix in which element , represents rating of user to product , as shown in Fig. 1 . Set of user-item pairs which have registered ratings in the recommender system and have a value in matrix are represented by . The set of products rated by user are represented by and set of users which have rated products are represented by . By knowing , and , the objective of the recommender system becomes to estimating matrix ̂ such that is closest to and has no missing values.
The purpose of cross-domain recommender system is to offer items in the target domain to all users in the source domain. To represent variable and matrices, belonging to each domain, we use superscript in parenthesis. For example, ( ) and ( ) represent user-item matrices in source and target domains respectively. In a cross-domain recommender system, with knowing user-item matrices ( ) and ( ) the purpose is to predict missing ratings in ( ) from users in ( ) . As mentioned in the previous section, the proposed method is based on generalized canonical correlation analysis (GCCA). To present the proposed we briefly explain CCA and GCCA.
Canonical Correlation Analysis
The purpose of canonical-correlation analysis is to find linear transformation of two multi-dimensional and which have maximum correlation with each other [49] . In CCA, basis vectors 1 ∈ and 1 ∈ are estimated for two multidimensional variables ∈ and ∈ such that correlation between projection of variables on the basis vectors are mutually maximized and correlation matrix of variables is diagonal. Assume 1 and 1 are basis vectors which maximize correlation between canonical variables ′ = 1 and ′ = 1 . In other words, we have: In this equation, , are correlation matrices of and and is mutual correlation of and . Vectors 1 and 1 which maximize the above equation, are the primary basic vectors of canonical correlation. It should be mentioned that for any of the next canonical variable ′ = and ′ = , it should be uncorrelated with previous variables ′ = and ′ = ( < ). In other words:
It can be shown the next pairs of canonical basis {( , )| < min( , )} can be found by solving the following eigenvalue equation [49] :
where 2 is the squared canonical correlation and eigenvectors and are normalized canonical correlation basis vectors.
3.2
Generalized canonical correlation analysis Generalized canonical correlation analysis (GCCA) is the extended version of CCA that could be applied on more than two spaces. Unlike CCA which has a simple algebraic solution, GCCA is a difficult optimization problem, which does not have a simple solution. Several generalized canonical correlation analysis have been proposed, some of them are discussed and compared in [50] , among them the MAX-VAR GCCA proposed in [51] is well-known. MAX-VAR GCCA tries to find a linear map which creates identical latent representations from different views instead of finding a linear map which creates maximum correlation. MAX-VAR GCCA is straightforward and its solution is based on an eigen equation.
Assuming that { ( ) ; ∈ } are a set of mean centered matrices of different domains (views), and each row ,:
( ) of matrix ( ) represents features of sample in domain , the objective function of MAX-VAR GCCA defines as: is the sum of selection matrices. Assuming that matrices ( ) ( ) are nonsingular, ( ) can be calculated as:
(9) Let us define:
then matrix is:
(11) The group configuration is determined by solving the spectral decomposition of sum of projection matrices of different domains:
where * is an orthonormal matrix and Λ is a diagonal matrix. Main diagonal elements of Λ are the largest eigenvalues of and * is a × matrix of corresponding orthonormal eigenvectors. Group configuration can be calculated as = √ − 1 2 * .
GCCA with inverse sum of selection matrices
The constraint defined by = in (8) forces samples which are relatively infrequent to observed to have larger weight compared to the samples which are relatively often observed. This helps infrequently observed samples to affect more on the learning hidden space features. This property might be helping in GCCA, but in transferring knowledge between domains, samples which have been observed in most domains have more cross-domain information and can specify the relationship between features in different domains better than less observed samples, therefore they should have higher impact. In order to solve this problem, we proposed to inverse the sum of selection matrices in constraint of (8) to increase the effect of samples which are relatively often observed. This new approach will increase the effect of relatively often observed sample on the objective function by letting their corresponding row in to have larger values. We call the proposed method generalized canonical correlation by inverse sum of selection matrices (GCCA-ISSM) and define its objective function as:
Similar to GCCA, it can be shown that by defining ( ) = ( ) − ( ) ( ( ) ( ) ) −1 ( ) , the solution to the above equation is obtained using the same eigenequation as (12) . Also matrix can be found as = √ 1 2 * . Memory requirement for caching matrix brings serious limitation in learning GCCA and GCCA-ISSM. We use technique in [53] to propose a fast and memory efficient version of GCCA-ISSM called Fast-GCCA-ISSM. Let consider the rank-m SVD of ( ) = ( ) ( ) ( ) , where ( ) is a diagonal matrix with largest singular values of ( ) and ( ) , ( ) are the corresponding left and right singular vectors. then, ̃( ) is defined using rank-SVD of ( ) as follows:
In which ( ) is a small constant noise and ( ) ∈ × is a diagonal matrix such that ( ) ( ) = ( ) ( ( ) + ( ) ( ) ) −1 ( ) . Assuming ̃= [ ( 1 ) ( 1 ) … ( ) ( ) ], sum of projection matrices is written as =̃̃.
The group configuration matrix are obtained from left singular vectors of 1 2̃. The memory requirement of Fast-GCC-ISSM is in the order of ( ) compare to ( 2 ) in GCCA-ISSM.
GCCA-ISSM cross-domain Recommender System
The cross-domain recommender system proposed in this paper is an iterative procedure that alternates between two steps: Stochastic gradient descent matrix factorization on user-items matrix and generalized canonical correlation analysis on user's latent factors obtained from matrix factorization. The first step tries to reduce the ratings prediction error in each domain using matrix factorization while the second steps tries to extract domain independents features from user's latent factors matrices using canonical correlation analysis and reconstructing the user's latent factors in each domain to improve the ratings prediction of users, specially the cold-start users. In the first step the SGD matrix factorization is applied on user-items matrix of each domain ( ) from auxiliaries and target domains to estimate the user's and item's latent factors ( ( ) , ( ) ). In the second step the canonical correlation algorithm (GCCA or GCCA-ISSM) is applied on user's latent factors ( ( ) ) of all domains and the canonical component ( ) and domain independent user's latent features is calculated. Then the user's latent factors of each domain ( ( ) ) is re-estimated by ( ) = ( ) −1 which inferred from MAX-VAR GCCA objective function in equation (7) . Finally the user-item matrix of target domain is predicted using the estimated user's latent factors from step two and the mean square error of the predicted matrix is calculated. The algorithms iterate between these steps until the converges and while the mean square error on the validation set is decreasing. Algorithm 1, presents the pseudocode of the proposed method for cross-domain recommendation. In most of our experiments the proposed algorithm converged in less than 10 iterations. 
EXPERIMENTS WITH SIMULATED DATA AND DISCUSSIONS
In this section, we investigate properties of GCCA and GCCA-ISSM by conducting a simulation experiment. We use the Algorithm 2 which is adopted from [52] to generate synthetic and investigate the accuracy of GCCA and GCCA-ISSM in reconstructing data matrices.
In this experiment, influence og three parameters including number of domains ( ), data sparsity ( ) and number of rows of the observation matrices ( ) are investigated. For each algorithm we used Mean Square Error (MSE) of reconstructed matrices for evaluation. For each parameter setting the experiment is repeated 1000 times and the results are obtained by averaging the MSE of all experiments. As in different experiments, absolute value of MSE for GCCA and GCCA-ISSM are different and depend on initialization parameters in generating synthetic data, the improvement ratio of MSE is a better measure to evaluate the results. As can be seen in the results, standard GCCA performs better than the proposed GCCA-ISSM method in reconstructing data matrices, but GCCA-ISSM obtained better results in reconstructing missing rows and improved the MSE from 20 to 50 percent. The outcome is in line with our objective in cross-domain recommender system, and shows that the proposed method's ability to reconstruct missing rows in observation matrices is better than traditional GCCA. In addition, this experiment shows by increasing sparsity of rows, MSE of reconstructing missing rows increase for both GCCA and GCCA-ISSM, but GCCA-ISSM performs a lot better than GCCA, and its improvement ratio is almost stable.
To examine the scalability of the proposed algorithm in the second experiment we investigate effect of number of matrix rows ( ) on reconstruction accuracy of GCCA and GCCA-ISSM on missing rows. In this experiment, it is assumed we have 2 domains and 40 percent of the matrix rows for each domain are missing (sparsity=0.4). Fig. 3 presents the experiment results. In this figure, the black solid line shows default MSE of simulation by considering the noise, which is the best result that could be obtained. Fig. 3 shows the reconstruction ability of GCCA-ISSM on missing rows is always better than GCCA, and as the number of matrix rows increases, accuracy of GCCA-ISSM improves more than GCCA. Interesting point in this experiment is that by increasing the number of matrices rows to more than 2500, MSE of GCCA-ISSM in reconstructing complete data matrices would become better than GCCA. Obtained result shows, even in large datasets the ability of GCCA-ISSM in reconstructing missing rows is much better than traditional GCCA. Choose × from (0,1) 9: ← 0 ⃗ //(replace row of ( ) by zero) 16 : return (1.. ) , (1.. ) 
EXPERIMENT WITH RECOMMENDER SYSTEM DATA AND DISCUSSIONS
In this section, we describe our experimental setup and the evaluation results of the proposed method on real datasets.
5.1
Datasets In recent years, several public datasets have been used for evaluating recommender systems, among them Amazon [54] , Netflix [55] , Yelp [56] , MovieLens [39] , [38] and TripAdvisor [57] are the most well-known ones. Since Amazon dataset includes information from items in different domains, it is suitable for evaluating cross-domain recommendation algorithm. However, other datasets have also been used. For example, in [38] by simulating domains using movie genres, MovieLens has been used for evaluation. In this paper, we used the most recent version of Amazon dataset introduced in [54] and the 1 million ratings Movielens dataset from [39] . The Amazon dataset includes reviews and metadata of the products offered in online Amazon market from 1996 to 2014. Reviews include information such as username, user's rating to the items, review texts, summaries, usefulness and etc. Many of the proposed cross-domain methods have tested their results only on book and movie domains [35] , [38] , [58] , [59] . In this paper, we increase the number of domains in experiments to 6 domains including "Books", "Kindle"," Movies", "CDs", "Digital Music" and "Video Games". These domains are selected based on the number of common users between domains and the accuracy of MF algorithms in single domain experiment. Due to the high sparsity of Amazon dataset and in order to increase reliability of our experiments, only users who have at least 5 ratings in each domain are selected.
MovieLens dataset contain 1 million anonymous ratings of approximately 3,900 movies in different genres made by 6,040 users who joined MovieLens in 2000. The dataset ensures that each users has at least 20 ratings. We performed our experiments on the top four genre including "Action", "Comedy", "Drama" and "Thriller" based on the number of ratings in each genre. Table 2 presents more details about the datasets.
Experiments are conducted using 5-fold cross validation; 3 folds for training, 1 fold for validation and 1 fold for test. Depending on the experiment, we removed all or some ratings of test's users from training data to simulate the cold-start. Hence, learning latent factors of the test users are only feasible through transferring knowledge from auxiliary domains.
5.2
Baselines We compare the following methods and baselines to evaluate the accuracy and performance of the proposed methods. a) Offset: The offset is the average across all ratings in training data. It is the best possible constant predictor. b) MF: This is the standard single domain matrix factorization [17] using stochastic gradient descent optimization. c) CBT: The cross-domain collaborative filtering method via codebook transfer(CBT) presented in [1] . d) CMF: The most recent version of collaborative matrix factorization presented in [42] which has better prediction accuracy in cold-start situations. e) MF-GCCA: the proposed iterative cross-domain algorithm using generalized canonical correlation analysis. f) MF-GCCA-ISSM: The proposed iterative cross-domain algorithm using generalized canonical correlation analysis with inverse sum of selection matrix. The GCCA-ISSM is expected to perform better than GCCA in cold-start situations. g) MF-Fast-GCCA-ISSM: The proposed cross-domain iterative method using fast and memory efficient Fast-GCCA-ISSM algorithm. h) (PCA-LDA)-GCCA-ISSM: Based on the experiment setup different combination of auxiliary data may be used for cross-domain prediction.
5.3
Cross-domain experiment The purpose of this experiment is to investigate the accuracy of proposed MF-GCCA and MF-GCCA-ISSM algorithms in cross-domain rating prediction for cold-start users and compare the results with the baseline methods. To simulate the coldstart problems, first we define "c-cold-start users" as users from auxiliary domains that had at most ratings in the target domain. The experiment had done in two parts. In the first part to compare the accuracy of proposed MF-GCCA and MF-GCCA-ISSM on solving cold-start users rating prediction, for each pair of selected domains in the Amazon and MovieLens datasets, one domain was selected as auxiliary and the other as target domain. We considered 50 latent factors for learning MF( ( ) = 50) and 75 latent factors for common space in MF-GCCA and MF-GCCA-ISSM( = 75). To evaluate the proposed method with the baselines the mean square error of ratings prediction for 0-cold-start users had been used. We compare the results with Offset (since there is no ratings for the test users in the training data of target domain, the Offset algorithm would produce the same results as MF), CBT and CMF. Table 3 and Table 4 presents the MSE and improvement ratio of each methods on Amazon and MovieLens datasets. On Amazon dataset for each target domain we present two auxiliary domains that create higher improvement. As can be seen in Table 3 and 4, both MF-GCCA and MF-GCCA-ISSM improve cross-domain recommendation accuracy. While MF-GCCA could not reduce the prediction accuracy in few domains like Movies and Videogames in Amazon dataset, the MF-GCCA-ISSM outperform the baseline methods in all domains of both datasets. The experiment on Amazon dataset shows that the pair of (Kindle, Book) and (DigitalMusic, CD) have highest improvement ratio that means they have more related features compared to other domains. "Videogames" has a lower improvement ratio among all.
Since Movielens is denser than Amazon (the auxiliary domain is denser) the MF-GCCA-ISSM algorithms results better improvement. On average it improve over 30% against Offset method and more than 20% against CBT and CMF. Both CBT and CMF depends on existence of user ratings in target domain. If test users had no ratings in the target domain, CBT and CMF performance would be limited.
Furthermore, in second part we investigated a fair comparison between MF, CMF, CBT and our proposed approach on {0 25}-cold-start users ratings. Based on the predicted accuracy we selected the (Target=Action, Auxiliary=Drama) pair from Movielens and (Target=Books, Auxiliary=Movies) pair from Amazon. For ∈ {0 25} we let the test users to have at most ratings in the target domain. For each , the experiment has executed independently and the results are presented in Fig  4 . It could be seen that almost for any value of the MF-GCCA-ISSM algorithm has the lowest MSE and outperformed the baselines. For lower the improvement of MF-GCCA-ISSM against the single domain MF is significant. As increased the user's cold-start problem reduced hence the improvement of the MF-GCCA-ISSM and others cross-domain algorithm against the single domain MF decreased. In both datasets for < 6 CMF has lower prediction error against single domain MF. While for ≥ 6 the single domain MF has exceed the CMF. This shows that CMF improvement in cross-domain prediction for coldstart users is limited to users that had very few ratings in target domain. In both datasets the cross-domain prediction MSE of CBT was worse than the single domain MF. The reasons are: (1) The CBT algorithm does not use the relationship of common users in auxiliary and target domain. (2) The CBT algorithm needs the auxiliary domain to be denser than the target domain to perform better than single domain MF. But in real cross-domain scenario like our experiments the density of auxiliary and target domain is the same. 
Cross-domain with multiple auxiliary domain
In this experiment we study the ability of proposed MF-GCCA-ISSM algorithm on using multiple auxiliary domains to improve the rating prediction accuracy of cross-domain recommendation. We perform the experiment on both Amazon and MovieLens dataset. From amazon dataset the "Movies", "Digital Music" and "Videogames" domains are selected as auxiliary and the "CD" domain is selected as target domain. From MovieLens dataset the "Comedy", "Drama" and "Thriller" genres are selected as auxiliary domain and the "Action" genre is selected as target domain. We performed the experiment using Offset, single domain MF and MF-GCCA-ISSM for different combination of auxiliary domain Fig. 5 presents the MSE of rating predictions for 5-cold-start users in target domain in bar charts. This figure shows in Amazon dataset, the "Digital Music" and the "Movies" domain respectively had the most effects on reducing the MSE. The "Videogames" could not improve the results compared to the single domain MF but its combination with "Digital Music" and "Movies" domains results the most improvement in ratings prediction. In MovieLens dataset each of the auxiliary domains independently reduced the ratings prediction's MSE in target domain to less than 0.9 and the combination of all three auxiliary domains reduced the MSE to less than 0.8. In both datasets the best results obtained when all domains have been used as auxiliary data. These results shows that the proposed algorithm could be extended to situations with multiple auxiliary domains without losing accuracy and efficiency. Also a small difference between the best results of two auxiliary domains and three auxiliary domains shows the limitations of improving the recommendation by adding more auxiliary domains. As number of related auxiliary domains increased adding a new auxiliary domain would have less effect on improving the cross-domain recommendations. 
5.5
Using extra auxiliary data The purpose of this experiment is to investigate performance of GCCA-ISSM in learning features from auxiliary data like demographic information, reviews and etc. In this experiment, we investigate three types of auxiliary data including MF, PCA and Latent Dirichlet Allocation(LDA). Also, different combinations of these auxiliary data are used in the experiments. For MF, we used the users latent factor learnt from standard matrix factorization like previous experiments. For PCA, instead of MF, we applied PCA on user-item matrix in the auxiliary domain and used principal components to learn latent factors of users in the target domain. For LDA, users' reviews text in auxiliary domain is considered as auxiliary data. We applied a topic modeling algorithm called Latent Dirichlet Allocation [60] to the user reviews in the auxiliary domain (We considered all reviews of a user as a document). Then we considered the distribution of topics used by users as latent factors of the target domain. Table 5 presents the results of this experiment. It shows that all three auxiliary data (PCA, LDA and MF) could increase the cross-domain recommendation accuracy. Although in most cases when we use MF as auxiliary data, the improvement of prediction is more notable. This experiment shows that the proposed GCCA-ISSM algorithm is not limited to matrix factorization and it can transfer knowledge from different auxiliary data. Also, in most experiments the results shows that the combination of MF and LDA as auxiliary data gains the best results.
5.6
Fast-GCCA-ISSM Experiment As mentioned in section 3, high memory requirement for storing and processing matrices is a critical problem in generalized canonical correlation analysis, which limited the scalability of the proposed algorithm. The Fast-GCCA-ISSM is a fast and scalable estimation method which reduces memory requirement of GCCA-ISSM. In order to investigate performance of Fast-GCCA-ISSM and compare it with GCCA, we considered "Book" as the auxiliary and "Kindle" as the target domain. We designed this experiment based on the minimum number of common user's ratings in auxiliary and target domain. We reduced this parameter from 50 to 5 and applied, MF-GCCA-ISSM and MF-Fast-GCCA-ISSM for each setting. The experiments results are presented in Table 6 . The symbol '*' in the last two rows of the table means that for the last two experiments we could not apply MF-GCCA-ISSM due to lack of required memory. It can be seen in all the experiments, accuracy of MF-Fast-GCCA-ISSM reduced compared to MF-GCCA-ISSM. But the reduction could be ignored against the reduction of required memory on large datasets. It could be concluded the scalability of MF-Fast-GCCA-ISSM is acceptable and it could be used in large cross-domain recommendation problems.
CONCLUSION
In this paper we presented a novel cross-domain recommendation algorithm using generalized canonical correlation analysis. First, we propose to use GCCA to solve the cold-start problem for new users in recommender systems. Second, we introduced an enhanced version of GCCA called GCCA-ISSM by inversing the sum of selection matrices that improves learning domain independent features for cold-start users. Using simulation experiments we demonstrated that GCCA-ISSM has better accuracy than GCCA in reconstructing less observed samples in cross-domain scenarios. Finally, we proposed an iterative algorithm called MF-GCCA-ISSM and MF-Fast-GCCA-ISSM for cross-domain recommender system. We performed various experiments on two real recommender system datasets. The experiments shows that: (1) The proposed method is better than the state of the arts baseline in cross-domain ratings prediction. (2) The proposed method always obtains better results than single domain MF specially for cold-start users. This improvement over single domain MF depends on various parameters such as number of common users among domains, auxiliary and target domains density, the correlation between domains and etc. (3) The proposed method could be extended by using multiple auxiliary domains to improve the recommendation accuracy.
(4) Various auxiliary information could be used in the proposed method such as user reviews, items description, users demographic information and etc.
